Background. Most current surgical risk models contain many variables: some of which may be esoteric, require a physician's assessment or must be obtained intraoperatively. Early preoperative risk stratification is essential to identify high risk, elective surgical patients for medical optimization and care coordination across the perioperative period. We sought to create a simple, patient-driven scoring system using: gender, age and list of medications to predict in-hospital postoperative morbidity. We hypothesized that certain medications would elevate risk, as indices of underlying conditions. Methods. Two Logistic regression models were created based on patient's gender, age, and medications: GAMMA (Gender, age and type of medications to predict in-hospital morbidity) and GAMMA-N (Gender, age and number of medications to predict in-hospital morbidity). A logistic regression models predicting in-hospital morbidity based on ASA score alone was also created (ASA-M). The predictive performance of these models was tested in a large surgical patient database. Results. Our GAMMA model predicts postoperative morbidity after perioperative care with high accuracy (c-statistic 0.819, Brier score 0.034). This result is similar to a model using only the ASA score (c-statistic 0.827, Brier score 0.033) and better than our GAMMA-N model (c-statistic 0.795, Brier score 0.050). Conclusions. The combination of a patient's gender, age, and medication list provided reliable prediction of postoperative morbidity. Our model has the added benefit of increased objectivity, can be conducted preoperatively, and is amenable to patient-use as it requires only limited medical knowledge.
We hypothesized that a patient's gender and age, combined with medication list, could provide information about postoperative morbidity. Furthermore, we hypothesized that certain medications would elevate risk, as indices of underlying conditions. Lastly, we sought to simplify the scoring system by testing the hypothesis that the number of medications, combined with gender and age, could predict in-hospital postoperative morbidity.
Methods

Design and ethical considerations
Institutional review board approval was obtained and signed patient consent was waived because no care interventions were mandated and all protected health information was deidentified.
This was a retrospective database study of 26629 adult surgical encounters at a single centre, over a two yr period. Of these encounters, 22108 (83.02%) were separate patients and 4521 (16.98%) included >one surgery on the same patient. All-comers on an administrative database for adult (>18 yr) surgery (including cardiac and elective obstetric) between the dates of June 2011 and July 2013 were included. Anaesthesia techniques included general, neuraxial, regional or monitored anaesthesia care. The database was newly available since the institution of electronic medical records (Clarity, EPIC Systems, Verona, WI) and specifically allowed access to new ICD-9 codes that the patient did not have on admission. ASA scores, as determined by the originally assigned anaesthetist, were extracted from this database. The database allowed analysis of specific postoperative complications: atrial fibrillation, pulmonary embolism, myocardial infarction, venous thromboembolism, congestive heart failure, respiratory failure and acute kidney injury. The morbidity outcome was in-hospital morbidity, the presence of any one of these postoperative complications while hospitalized for the surgical admission. As a result of administrative ICD-9 coding limitations, certain important complications were unavailable for analysis: haemorrhage, sepsis, and cardiac arrest. A secondary, expanded database was formed that included 46 selected medications (Supplementary Appendix 1), and the presence or absence of that medication in each patient's record -medications were those already prescribed to a patient upon admission (taken from a list available in the preoperative admission area) and do not reflect restraints of the hospital formulary.
Setting
The hospital is a large, quaternary-care academic urban institution in New York City. The facility includes a large in-patient location and several off-site ambulatory locations -representative of the increasing role of anaesthesia in the ambulatory surgery setting. [17] [18] [19] The study population is representative of patients with a moderate to high level of access to USA healthcare, undergoing elective surgery at an urban, academic institution.
Inclusion and exclusion criteria
Within the database of 26629 adult patient encounters exclusions were made as follows for models for prediction of morbidity: emergency surgery, ASA score unavailable on computer record.
Statistical analysis and modeling
Logistic regression using age, gender, and medications as the independent variables were used to develop a predictive model for in-hospital postoperative morbidity based on the database (Gender-Age-Medications Morbidity Assessment: GAMMA). An additional model was created that attempted to predict in-hospital morbidity using ASA score as the independent variable (ASA Morbidity: ASA-M). As both age and number of medications are important known risk predictors, 17 20 model (GAMMA-Number modification: GAMMA-N) attempted to predict morbidity solely on gender, age and the number of medications the patient was taking. In-hospital morbidity included occurrence of any of the following complications: atrial fibrillation, pulmonary embolism, myocardial infarction, venous thromboembolism, or acute kidney injury. Medications were encoded as a binary variable that indicated whether it was or was not prescribed to the patient. Binary logistic regression analyses were used for binary outcome models. These models were assessed for discrimination and explanatory power by area under the receiving operator characteristic curve (c-statistic). Calibration was assessed using Brier score 21 The models were developed using the full dataset (as opposed to the relatively inefficient use of separate training and validation sets) to maximize efficient use of data, and were further validated using k-fold cross-validation with 10 folds to assess prediction error and overfitting. Subsequent validation was performed on a database including data from the entire yr of 2014. All statistical operations were performed using R Statistical Software (version 3.1.1, R Foundation for Statistical Computing, Vienna, Austria).
Results
From the complete adult database, 82708 elective encounters remained for morbidity modeling purposes after exclusion (Fig. 1) .
ASA scores as determined by the anaesthetist responsible for each patient, surgical services, and frequency of adverse events for both the derivation and validation datasets are listed in Table 1 . Table 2 shows frequency of adverse event separated by ASA score.
Editors key points:
• Preoperative risk stratification can be used to plan and optimize perioperative care.
• The authors created simple models based on routinely collected patient characteristics data.
• The ability of these models to predict postoperative morbidity were tested using a large surgical patient database.
• A model comprising age, gender and medication list predicted outcome with high accuracy.
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The dataset shows a distribution of ASA score and morbidity for ASA score similar to other recent risk-modeling studies. 5 12 24 The surgeries represent a broad, heterogeneous surgical group, representative of the caseload at the medical institution studied. The surgical range differs from the National Surgical Quality Improvement Program (NSQIP) sampling system as "minor" surgical procedures were not excluded. 5 25 26 Models: prediction of in-hospital postoperative morbidity GAMMA: prediction of morbidity from gender, age, and medication list Our GAMMA model using patient gender, age and medication list predicts with high accuracy postoperative morbidity after perioperative care. The concordance statistic (c-statistic) for this model was 0.819 (95% CI 0.811-0.827) and the Brier score was 0.034 (Table 3 ). The c-statistic gives the probability that a patient who experienced a postoperative complication (atrial fibrillation, pulmonary embolism, myocardial infarction, venous thromboembolism, or acute kidney injury), had a higher risk score than a patient who had not experienced any of the postoperative complications included in this study. All covariates were retained in the model for consistency and for easier future adjustment. Validation by kfold cross validation demonstrated low optimism for both c-statistic (0.002) and Brier score (À0.002), indicating minimal over-fitting. Calculated adjusted prediction error was 0.034. The ratio of observed to expected morbidity for predicted morbidities of 3-4.5%, 4.5-7%, and greater than 7% were 0.98, 0.99, and 1.1 respectively. Reduced models that eliminated weaker contributing medications based on P value (using backward stepwise selection) did not reduce optimism further, or change the observed to expected morbidity ratios greatly (0.99, 1.0, and 1.0 for predicted probabilities 3-4.5%, 4.5-7%, and greater than 7% respectively 
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Discussion
We found that a patient's medication list, age and gender, provided reliable prediction of in-hospital postoperative morbidity that was similar to a model using the ASA score alone, and performed better than a model using the number of medications, age and gender. Certain specific medications, especially anti-coagulants, anti-arrhythmics, loop diuretics and inhaled anticholinergics, further elevate the risk of morbidity, likely as indices of underlying conditions. Compliance was not studied as this was not a study about medication risk or side-effects: medications were considered to be acting purely as surrogates for medical diagnoses [e.g. anti-coagulants for atrial fibrillation or valve replacement; rifamycin in hepatic failure (reduction of gut flora) and phosphate binders in renal failure]. The Revised Cardiac Risk Index (RCRI) delineates the following independent predictors for postoperative cardiac complications: history of ischaemic heart disease, congestive heart failure, or cerebrovascular disease; preoperative insulin treatment; impaired renal function. [27] [28] [29] Thus, with regard to the cardiac medications, the predictive strength of the medication list may reflect these diagnoses. Among octogenarians it has been shown that the number of medications is an independent predictor of long-term mortality. 20 Advanced age is a well-known risk factor for perioperative morbidity, 24 28 29 including anaesthesia-attributed mortality. 17 30 Although this simplified scoring system (GAMMA), using the patient's medication list combined with age, performed essentially as well as ASA score alone at predicting risk of postoperative morbidity, the GAMMA model has added benefits: firstly increased objectivity compared with the ASA score and secondly the fact that it can be used without direct physician involvement. Utilization of solely gender, age, and list of medications resulted in a well-calibrated and discriminative model for prediction of in-hospital morbidity. This model (GAMMA) performs similarly well in prediction of morbidity when compared with more complicated, multifactorial models such as the Universal American College of Surgeons NSQIP Risk Calculator, which demonstrated a morbidity c-statistic/Brier score 0.816/0.069. 2 Models specific for cardiac risk such as the Lee RCRI have a cstatistic of 0.76 29 , whereas models adding age, high-risk surgery and emergency status to the Lee RCRI attain c-statistics of 0.85. 31 32 A specific model for cardiac surgery patients, the EuroSCORE, 15 has a c-statistic of 0.76 by combining age, gender and 15 other patient and operative diagnoses -but is only applicable to the cardiac surgical population. Gupta and colleagues. 33 also looked at cardiac adverse events and used type of surgery, functional status, abnormal creatinine, ASA score, and age) to produce c-statistics of 0.884 and 0.874 for two validation yr (no Brier score, HosmerLemeshow statistic described as 'excellent'). Glance and colleagues 34 produced a simplified risk score (C statistic, 0.897, Hosmer-Lemeshow statistic 13.0, P ¼ 0.023), but used information that is not readily available to patients -ASA physical status, surgery risk class and emergency status. Dalton and colleagues 1 looked
at coded diagnoses present on admission, using ICD-9 codes, to create the POARisk score for hospital performance -not specific to surgical patients. Terekhov and colleagues 14 used the POARIsk score in a surgical population and demonstrated that there was only minimal added value in predictive strength in combining the POA risk with intra-operative variables (estimated blood loss, lowest heart rate, and lowest mean arterial pressure) from the Surgical Apgar Score (SAS) -confirming the validity of using preexisting co-morbidities. The POSSUM score 16 is an earlier surgical risk score that combined a detailed and objective physiological score requiring 12 pieces of data (including cardiac signs/chest radiograph/Glasgow coma score/blood test results and ECG) with an operative severity score. These multiple data points may be difficult for a patient to acquire or interpret accurately and information that is only collected postoperatively is not useful for preoperative risk assessment. The search for the most important variables -for limited and simplified data collection -is not new. Dimick and colleagues 35 using the ACS NSQIP database, produced three tiers of model complexity and found that the 'limited' model using two-variable data had an all-procedure c-statistic for morbidity of 0.76 (no Brier score, calibration given as 'correlation of predicted probabilities' ¼ 0.95). Interestingly, this 'limited' model selected two-variable data from five possibilities (ASA score, functional status, congestive heart failure, dialysis, and bleeding disorder) and found that the functional status and ASA score were among the most important variables in all models. The authors acknowledge that both these variables are multifactorial -additionally, neither are strictly objective. In another parsimonious model, from Glance and colleagues 34 , three factors are used to predict 30-day mortality for non-cardiac surgery: ASA score, emergency status, and surgical risk class, with a c-statistic of 0.897 (no Brier score, Hosmer-Lemeshow statistic 13.0, P ¼ 0.023). The utility of the ASA score in these calculations is likely an assessment of a patient's overall level of illness -exactly as Saklad, Rovenstine and Taylor intended 36 -but this should not be confused with objectivity. Additionally these data points (ASA score, emergency status, and surgical risk class) are not easily available to a patient. Ideally, a patient-lead tool would exist in a simple, easily accessible format, such as a computer screen questionnaire. This model requires limited patient knowledge (medication list and age) and is therefore suitable for outpatient access: at home, via the internet; or in a preoperative clinic, as a computer survey. Compared with knowledge of a list of diagnoses, a medication list is likely to be more objective and available to most patients. Patient-driven assessment tools, using a computer appear to have high agreement with expert assessment, once the questions have been validated. 6 As anaesthesia has become safer, there is increasing recognition that patients' preoperative optimization plays a key role in reducing morbidity and mortality. 30 While there is a trend towards a reduced proportion of direct anaesthesia-caused mortality, there appears to be an increased proportion of deaths in which the patient's medical condition was a significant contributing factor. 30 Lack of health literacy and a clear understanding of personal risk are important barriers to overcome before a patient can be a true partner in perioperative decision making. 7 37 Lifestyle and behavioral modifications typically require active patient participation -a more complex arena than a new drug prescription. [38] [39] [40] [41] Behavioral modification using tailored programs can improve multiple risk areas 42 43 and recent focus is on complementing the traditional clinic-based intervention with computer or web-based programs that patients access at home or work. 44 Impending surgery can serve as an important motivational tool, [45] [46] [47] particularly if proceeding with surgery depends on behavioural modification (smoking cessation) with measurable compliance (nicotine levels). 46 As a gate-keeper to care, the perioperative physician is in a unique position to use operative risk assessment to encourage health-focused behavioral change.
The limitations of the current study include the retrospective data collection and the lack of haemorrhage and sepsis as outcome measures because of administrative technicalities in coding of these complications in this database. An additional limitation is that the patient population does not represent those with limited healthcare resources -patients who are undiagnosed or untreated, may not fit this model as well as affluent populations.
In summary, we have developed a simple, objective risk index for in-hospital postoperative morbidity for nonemergency surgery. The reduced burden of data collection should allow direct patient use while simultaneously avoiding overly-subjective assessment. Despite its simplicity, this score exhibits excellent statistical performance comparable with more complex models, while benefitting from more objective, patient-entered input than using the ASA score alone. The GAMMA (Gender, Age, Medication Morbidity Assessment) is intended to help shared patient-physician decision making, and act as a motivational tool for developing and implementing risk-reduction strategies.
